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Abstract Traversability maps are a global spatial representation of the relative dif-
ficulty in driving through a local region. These maps support simple optimisation
of robot paths and have been very popular in path planning techniques. Despite
the popularity of these maps, the methods for generating global traversability maps
have been limited to using a-priori information. This paper explores the construction
of large scale traversability maps for a vehicle performing a repeated activity in a
bounded working environment, such as a repeated delivery task. We evaluate the use
of vehicle power consumption, longitudinal slip, lateral slip and vehicle orientation
to classify the traversability and incorporate this into a map generated from sparse
information.
1 Introduction
When deploying long-term outdoor robots it is important that they operate safely
and efficiently in order to maximise their life span and performance. In the con-
text of mobile robots this means optimising paths to minimise energy, time and the
risk of failure. In path planning the minimum cost route is often computed from
traversability, a continuous scalar metric representing the cost to traverse a region.
Typically traversability is calculated from maps or sensors (such as satellite im-
agery, onboard cameras and LIDAR) which examine the terrain prior to traversal
thus allowing potential obstacles and difficult regions to be avoided at runtime. The
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main focus of current traversability metrics has been on optimising a single traver-
sal through the environment but for many long term deployments it is likely that a
robot will be performing repeated tasks within a region which opens the possibility
of learning from experience and improving performance.
Current traversability metrics do not incorporate information about the vehi-
cle’s prior experience yet this can provide valuable information to build or rein-
force the estimated traversability map. In this paper we describe algorithms to cre-
ate traversability maps at run time from various sensor data streams and present
traversability maps built from robot experience.
Unlike other learning or classification systems maps based on vehicle experience
do not rely on expert knowledge or training and have a continuous signal over all
terrain independent of terrain type. We argue that this approach provides a more
accurate reflection of the actual cost since the metric is based on actual robot expe-
rience of the terrain and does not have a bias toward any terrain type.
Most outdoor robots are equipped with sensors such as GPS, accelerometers,
gyroscopes, odometry and motor power which can be used to estimate traversability.
We use these onboard sensors to compute four traversability metrics from which we
estimate costmaps using a Gaussian process regression and demonstrate how these
are refined over multiple traversals. We then combine the individual metrics into a
weighted traversability function. The weights are trained on a dataset in a structured
classified region and applied to the exploration of an unknown environment.
Section 2 presents an overview of prior work on traversability and its estimation
using a-priori data and proprioceptive sensors. Section 3 describes the traversabil-
ity metrics used and provides some background on the Gaussian regression process
for interpolation and Section 4 details the platform and experimental areas. Sec-
tion 5 presents the experimental results, analysis and discussion, and in Section 6
we present conclusions and future work.
2 Related Work
Traversability is a measure of the difficulty of driving through a local region and
is used by mobile robot path planners to avoid obstacles or hazards and optimise
paths. Traversability is usually determined by calculating a metric directly from the
sensor data or by making a classification of the type of terrain the vehicle is driving
over.
2.1 Direct Traversability Metrics
The most common method of calculating traversability directly is to use the 3D
structure of the surface. This can be gathered locally using nodding or spinning
LIDAR, stereo, structured light cameras or globally from aerial LIDAR.
Building Large Scale Traversability Maps Using Vehicle Experience 3
A simple surface roughness-based traversability metric was used by [4] to adapt
the speed of mobile robot based to the terrain immediately in front of it. In [10] three
traversability metrics were developed which use roughness of the field to determine
the robot’s ability to cover the area and cross regions. Roughness has also been
used by rover style robots, for example [14] used stereo vision to determine local
roughness as well as terrain slope in order to plan paths which avoided rocky and
sloped areas.
Another method using the 3D structure to determine the traversability is to ex-
amine the configuration of the robot on the surface. This approach was employed
by [6] and [7] which assessed the vehicle’s stability or tractive force at a point and
this was equated to traversability. This is also useful for reconfigurable robots which
can adapt their suspension or geometry to optimise the traversability in different re-
gions [6].
Another approach to calculating traversability directly is based on terrain colour
analysis [17]. However this makes strong assumptions about the association be-
tween colour and terrain and hence traversability. Learning techniques can be ap-
plied but the use of imagery usually requires some form of pixel-based terrain clas-
sification.
2.2 Classification
A more popular approach has been to classify terrain. Robots often work in struc-
tured environments, the most ubiquitous being road networks, where the surface
types are know. This allows classifications of terrain types to be made and used
in planning. The primary sensor modality for classification has been imagery. At-
tempts have also been made to link a priori information from satellite images with
local classifications to improve long distance traversability estimates.
Classification is often simplified to a binary problem of whether terrain is lo-
cally traversable or untraversable. This type of traversability assessment has been
demonstrated by [8] using a neural-network-based approach and similar classifiers
have been described by [12] and [16]. A binary classification is valuable for hazard
avoidance but does not provide any additional information about the cost of regions.
Classification from satellite and aerial LIDAR into ground structure such as
buildings, road and vegetation and then a global traversability has been shown
by [15] and demonstrated on the Crusher platform [13]. An alternative to image-
based classification is to use proprioceptive sensors. In [5] the use of a tactile sensor
was demonstrated to classify the terrain type according to sensed vibration.
A purely classification-based assessment has the disadvantage of relying com-
pletely on training data and expert knowledge of the traversability cost of each
terrain type, and ignoring intra-class variation. The classification approach can be
augmented to use proprioceptive sensors such as the wheel slip, vibration, energy
consumption to infer whether or not the classification is successful and possibly to
update the cost of the terrain class.
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2.3 Self-supervised classification
A novel approach to self supervised classification was demonstrated by [1] which
used onboard stereo imagery to determine a local traversability map and incorpo-
rated vehicle slip to supervise learning of the terrain classification. The work of [2]
extends [13] to include map online learning that learns the association between a lo-
cal traversability from onboard sensors and the classification of terrain from satellite
imagery. A similar approach was applied to a lunar rover platform by [3].
The focus of much prior work has been on the situation of a vehicle perform-
ing a single traverse through a region. Based on this assumption the proprioceptive
sensors are much more desirable as they allow hazordous areas to be avoided. The
issues with training and misclassification of regions has been improved by incorpo-
rating proprioceptive sensors and also providing a better grounding of the classified
terrains cost.
3 Technical Approach
Typical robots are equipped with a variety of sensors, many of which can be used to
assess traversability of the terrain they are driving over. For example GPS, accelero-
moters, gyroscopes, odometry and motor current sensors provide rich information
about the vehicle’s motion with respect to the plan, terrain induced vibration, and
the work required.
In this paper we compute four traversability metrics to describe the vehicle’s
performance along the path: power consumption, longitudinal slip, lateral slip and
vehicle orientation. These metrics are designed to capture the properties of the ter-
rain as seen by the vehicle. The power consumption provides a direct energy cost
for traversing each region. The slip metrics provide an indication of the amount of
tractive force the vehicle can exert, while the orientation shows the stability or risk
of rollover of the vehicle. Each of these metrics is described below.
3.1 Traversability Metrics
The power metric is calculated from the vehicle’s electrical power consumption to
give a measure of energy used per meter travelled
TP =
VI
jvj [J=m] (1)
whereV is the battery voltage, I is the current to the drive motor, and v is the vehicle
velocity estimated from GPS. The velocity is estimated within the GPS receiver
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based on the Doppler shift of the GPS signals which provides a much more accurate
measurement than the position derivative [11].
The longitudinal slip metric is
Tl =
wRu jvj
wRu
(2)
which is non-dimensional and where w is the angular velocity of the drive wheels
and Ru is the radius of the wheel.
The angular slip metric is
Tq˙ =
tan(q)
Wb
v  q˙z
tan(q)
Wb
v
(3)
which is non-dimensional and where q is the steering angle, q˙z is the rotational
velocity about the vehicle frame z-axis in the andWb is the wheel base length.
The local slope of the terrain impacts mobility and reduces the normal force on
the wheels, resulting in lower tractive force and an increased risk of rollover. As
the IMU is fixed in the vehicle frame it can be used to calculated the normal force
directly. The orientation traversability metric is
To = 1  jaz gjg (4)
which is non-dimensional and where az is the vertical acceleration in the vehi-
cle frame and g is gravity. This metric does account for acceleration of the vehi-
cle, however acceleration which changes the normal force is expected to affect the
traversability.
3.2 Interpolation
The data points which are captured from robot experience are sparsely distributed
in the region over which the robot operates, and noisy due to variation in terrain
and vehicle motion. To make these measurements into a continuous spatial func-
tion, useful for path planning, it is necessary to smooth and interpolate the raw data.
Gaussian processes (GP) with a squared exponential kernel have been popular in ap-
plications such as reconstructing terrain geometry [18] where they interpolate and
reconstruct the underlying non-linear characteristics of the surface. In prior work
heteroscedastic and homescedastic Gaussian processes have been used to generalise
probabilistic traversability costmaps from sparse measurement data. Based on these
results we choose a squared exponential kernel with hyperparameters estimated us-
ing cross-validation and Geisser’s Predictive Probability criteria for optimisation.
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The GP model is used to learn the relationship between an input vector of the
robots position and the measurement of traversability. The traversability is nor-
malised from 0 to 1 where 1 is the most favourable traversability measurement for
each metric during the exploration phase and 0 is the least favourable measurement.
The GP model is trained on the traversability from the exploration dataset and then
used to predict the traversability and variance on a 1m grid for the region.
4 Experimental Setup
The rOscar platform, a small scale car-like vehicle shown in figure 1, was used to
map the traversability in two parkland areas. The vehicle was used to perform a
random exploration strategy (using GPS waypoints) with a superimposed high fre-
quency sinusoidal steering demand to excite slip dynamics. The vehicle was driven
at an approximate speed of 5m/s (18 km/h, 11 mph) and the traversability metrics
are calculated at 1Hz.
Fig. 1 The rOscar platform is a 1/8th scale RC
car platform. It is equipped with a Hokoyu UTM-
30LX laser scanner, a Microstrain 3DM-GX2
IMU, odometry and current sensors. The onboard
processor is a Gumstix Overo running ROS and
running drivers as published in the cyphy ROS
repository. See [9] for more details.
TheGraceville data set spans an area of 23096 meters. It contains three distinct
areas consisting of concrete netball courts, short grass netball courts and a long grass
untended field. A total of 287 slip measurements were taken on the field. The differ-
ent regions are shown and highlighted in Figure 2. We expected that the concrete,
short and long grass areas would provide a good environment for demonstrating the
slip and energy traversability metrics. This data set was used to evaluate the four
proposed traversability metrics and costmap regression techniques.
The Everton Park data covers 208134 meters. It is a suburban park consisting
of mainly grass and shrubbery. A total of 567 slip measurements were taken in the
park over a period of approximately 2 hours. This unstructured park area provided
a more interesting experimental environment for testing the metrics. After the ex-
ploration phase was conducted 8 paths were then traversed to randomly selected
waypoints with a modified excitation to asses the correlation between the generated
traversability maps and the vehicle’s experience along the specific paths.
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Fig. 2 Graceville: The terrain traversability samples are shown in the test area (black) on three
terrain regions. These were manually identified as concrete (red), short manicured grass (blue) and
long unkept grass terrain.
Fig. 3 Everton Park : The terrain
traversability samples are shown in
the test area (black) on three terrain
regions.
The exploration strategy consisted of selecting random waypoints within an ex-
ploration area and then preforming a sinusoidal path directed towards these loca-
tions. The traversability metrics were calculated when the vehicle was deemed to
be in an approximate steady state with sufficient angular velocity to excite the slip
dynamics. Whether the vehicle was in steady state was determined by its deviation
from the commanded velocity. When performing test paths through the environ-
ment the frequency of the oscillation was increased to allow the vehicle to drive an
approximately straight path and the traversability recorded at the peaks when com-
manded angular velocity was at a maximum. For the tested paths the vehicle was
always assumed to be in an approximate steady state at the peaks.
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Concrete Short Grass Long Grass
Avg. Std. Dev Avg. Std. Dev Avg. Std. Dev
TP 0.9591 0.0231 0.9223 0.0289 0.8111 0.1221
Tq˙ 0.4560 0.1618 0.4094 0.0919 0.2252 0.1247
Tl 0.4907 0.1454 0.4014 0.0811 0.2341 0.1054
To 0.9356 0.1211 0.9155 0.0979 0.9121 0.0737
Table 1 Summary of the mean and standard deviation for classified surfaces.
5 Results
5.1 Metrics
TheGraveville dataset was used to asses howwell the traversability metrics reflected
the actual terrain. As the terrain had been pre-classified onsite, GPS locations were
used to partition the traversability measurements according to terrain type.
We expected the known regions of concrete, manicured grass and long grass
to have quite different levels of traversability. Our goal was not to classify terrain
but to observe an expected ranking for each terrain type and the variation of the
metrics over these regions. The concrete surface was expected to have the high-
est traversability followed by the short grass and then the long grass. Similarly the
variation or noise was expected to be smallest for concrete and largest for the long
grass.
The statistics for the sample points on terrain types is summarised in Table 1. His-
tograms showing the Tl measure for different terrain types is shown in Figure 4. Fig-
ure 5 uses box-whisker plots to summarise and compares the different traversability
metrics for each of the known terrain types. The metrics are normalised from 0 to 1
where 1 indicates the most traversable region.
The expected rankings can be seen in table 1 and the box and whisker plot in fig-
ure 5 — both show the expected traversability ranking across terrain types although
there is a significant number of outliers and overlap in the measurement intervals.
The histograms of Tl , figure 4, also shows the distribution is unimodal and Gaussian
and similar results were found for other metrics.
For To the calculated metrics all appear to approach the upper bound of one, this
is likely due to the experimental area being approximately flat. The wider range of
values and lower average could be attributed to the local roughness in the grass areas
which was expected due to the small scale of the vehicle relative to terrain variation.
5.2 Interpolation
Gaussian processes are used to identify the underlying signal from sparse and noisy
data. Figure 6 shows the traversability maps for the Graceville test region after re-
gression.
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Fig. 4 Histogram of the distribution of samples of Tl on terrain types.
Fig. 5 Box plots of traversability metrics grouped by metric and and showing terrains in the order
concrete (C), short grass (S) and long grass (L).
From observations the TP metric provides the best distinction between the ter-
rain types. It has the lowest standard deviation on the two homogeneous terrains
and the traversability map resembles the manually classified terrain in figure 2. The
slip metrics, Tq˙ & Tl , also show some distinction between the terrain types however
the similarity of the signals and the variation within the terrain groups perhaps indi-
cates some dependence on the path driven. The orientation metric is largely constant
across the explored region, which is expected since the test region was flat.
As expected the variance of the metrics increases with distance from the sampled
data, as shown in figures 6 & 7, however it can also be seen that in the absence of
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information the traversability tends to zero or one and may contribute to under or
over estimation of the traversability in unexplored regions.
The correlation of the costmaps was calculated by
C =
å
m
å
n
 
Amn  A¯

(Bmn  B¯)s
å
m
å
n
 
Amn  A¯
2å
m
å
n
(Bmn  B¯)2
 (5)
where A and B are the predicted mean matrices of traversability, and detailed in
table 2. There is a strong correlation between the TP and Tl metrics in the Graceville
dataset. In the Everton Park dataset there is also a strong correlation between the Tq˙
and Tl metrics, but a reduced correlation between TP and Tq˙ , Tl and To. We believe
that this is due to the Everton Park area being non-flat and power metric being
dependant on the mode of traversal .
Traversability Variance
TP
Tq˙
Tl
To
Fig. 6 Traversability and variance of the traversability metrics for the Graceville dataset.
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Traversability Variance
TP
Tq˙
Tl
To
Fig. 7 Traversability and variance of the traversability metrics for the Everton Park dataset.
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TP Tq˙ Tl To
TP 1.0 - - -
Tq˙ 0.69 1.0 - -
Tl 0.66 0.82 1.0 -
To 0.41 0.71 0.46 1.0
TP Tq˙ Tl To
TP 1.0 - - -
Tq˙ 0.051 1.0 - -
Tl 0.12 0.92 1.0 -
To 0.21 0.65 0.76 1.0
Table 2 2D Correlation coefficient of the interpolated costmaps for Graceville, left, and Everton
Park Right.
5.3 Testing Paths
The Everton Park dataset was gathered to test the application of the metrics to nat-
ural terrain. In natural terrain it is difficult to classify which areas are likely to be
costly, as the colours can often be ambiguous and the qualities of preferable terrain
may not be known prior to operation.
To test the cost map the vehicle was drive to 8 randomly chosen waypoints within
the explored region, as shown in 8. The frequency of the sinusoidal path was in-
creased to give allow detection of the traversability metrics while travelling in an
approximate straight line. Figure 9 shows the predicted and actual traversability
over the path.
Fig. 8 Everton Park : The traversed
path is shown in black and the goal
waypoints indicated by the markers.
While the measured values are mostly within the 95% confidence interval, the
noise on the signal is much more significant than any local variation within the
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TP Tq˙
Tl To
Fig. 9 The estimated traversability (blue) with 95% confidence interval (grey) compared with
measured traversability (red).
metric. It could be argued that the as the overall costmap utilises a large number of
samples it is likely to resemble the true traversability of the terrain but at the scale
the vehicle is operating the variation in global traversability is largely insignificant
compared to variation locally.
6 Conclusions & Future Work
In this paper we have investigated the online computation of terrain traversability
metrics and their efficacy for path planning. We evaluated four different metrics
that are readily computed from common mobile robot sensors with data collected in
from different areas that the robot randomly explored.
The first experiment investigated whether the online metrics were indicative of
known surface types. While there was some correlation and the power measure was
the most discriminative the data shows a significant amount of variation which we
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believe is due to the small scale of the vehicle with respect to the terrain— a tussock
of grass is of similar scale to the vehicle.
The second experiment investigated whether the metrics could be used to identify
regions which were preferable in natural terrain which would be difficult for current
classification techniques. The region could be mapped and the data used to predict
which areas would be more traversable but it was difficult to verify this as the noise
on the signal overshadowed the variation globally.
The small scale vehicle was chosen for this work as it was expected that variation
in the terrain would have a larger impact on the vehicles performance and therefore
be easier to detect. While this was shown in the Graveville data set it is also evident
that the variation in the terrain at this scale is a problem. Future work plans to ex-
amine the use of larger vehicles in natural terrain and also evaluate the performance
against classification from satellite imagery.
The use angular and longitudinal slip measurements were also very closely cor-
related for both data sets indicating that one of these metrics gives all necessary
information about the terrain. For future work the longitudinal slip metric is prefer-
able as the vehicle does not need to introduce curvature to its path to provide exci-
tation for angular slip. The inclusion of additional sensor inputs for learning locally
measured traversability is also of interest and future work plans to includes using
satellite imagery and local imagery for classification.
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